It is often argued that persistent innovators are in a better position to outperform competitors, due to superior ability to sustain comparative advantages over time. In this work we exploit a long-in-time panel of Spanish manufacturing firms over the period 1990-2012 to examine the long-run contribution of innovation persistence to sales market shares and dynamics. We examine two main research questions. First, do persistent innovators grow more than other firms? Second, do persistent innovators show more persistence than other firms in their growth patterns over time? We find a negative answer to both questions: firms that persistently innovate over the first decade, do not grow more and do not display more persistent market share dynamics over the following years. The results are robust across different definitions of persistent innovators, according to persistence in R&D, product or process innovation, and patenting behaviour.
Introduction
Persistence of innovation, broadly intended as the degree of inter-temporal continuity in the innovative behavior and success of firms, has been a central research topic for quite a long time, in view of the far-reaching implications for theory as well as for public policy.
Theoretically, from a more macro perspective, innovation persistence corroborates endogenous growth models and evolutionary-Schumpeterian accounts of aggregate growth postulating that sustained long-run growth eventually stems from the constant accumulation of new and economically valuable knowledge -from models inspired to Nelson and Winter (1982) , to the neo-classical interpretations of Schumpeterian dynamics in Aghion and Howitt (1992) and Aghion et al. (2005) , as well as in Romer (1986 Romer ( , 1990 ) new growth theory. At a more meso, industry-wide level, innovation persistence provides support to explanations of industry dynamics identifying the process of creative accumulation by incumbent firms as the fundamental driver of innovation and growth, at the same time downplaying the beneficial effect of creative destruction dynamics usually attached to the activity of young entrants (i.e., distinguishing between Schumpeter Mark I vs. Mark II industry regimes, Malerba and Orsenigo 1995, 1996) . At a more micro-level, moreover, innovation persistence constitutes a theoretically fundamental source of long-run competitive advantage of firms (due to cumulativeness and increasing returns in knowledge dynamics) and the persistently different ability to innovate is advocated as a convincing explanation for the observed wide and persistent heterogeneities in structure and performances across firms (Geroski et al., 1997) , also in relation to technological trajectories and regimes (Dosi, 2007; Dosi and Nelson, 2010) .
From a policy perspective, innovation persistence is crucial for the design of the interventions targeting innovation and growth, and to some extent for the inner justification of innovation policies. In fact, if persistent innovators represent the main driver of growth, then policies nurturing occasional innovators or potential "first-time" innovators -such as start-ups and new entrants -cannot be expected to effectively promote long-run economic development. More generally, public support to innovative firms may have more hope to deliver long-run effects on the economy if current innovation affects future innovation, i.e. if innovation dynamics is persistent.
Because of the so deep implications, a large stream of literature within the Economics of Innovation examines the extent of persistence in innovation activities and the possible mechanisms underlying its emergence. Empirically, we now know that different types of innovation activities -technological (i.e., R&D, product and process innovations, patenting) as well as non-technological (marketing and organization innovation) -exhibit different degrees of persistence. These heterogeneities have been explained through a number of theoretical lenses, reflecting different views on the modes and the determinants of the process of knowledge accumulation. In spite of their differences, all these theories of innovation persistence share that persistent innovators enjoy large and persistent competitive advantages, in turn providing them with a superior ability than other firms to grow and succeed in the market, especially over the long run (Section 2.1 provides a brief review of this literature).
In this paper we contribute to the literature by providing an empirical investigation of the long-run contribution of innovation persistence to firm growth trajectories, in general, and to patterns of sales growth and market share dynamics in particular. We take advantage of a longin time panel of Spanish manufacturing firms covering the years 1990-2012, and address two main research questions: (I) Do persistent innovators grow more than other firms in terms of sales, on average, such that we can identify a positive "growth premium" attached to innovation persistence? (II) Do persistent innovators display more persistence than other firms in their sales growth dynamics, such that we can identify a "growth persistence premium" attached to innovation persistence?
In fact, despite the strong theoretical agreement among innovation scholars that innovation persistence foster market success, the Industrial Economics literature studying firm growth and the innovation-firm growth nexus (see extensive reviews in Coad, 2009; Audretsch et al., 2014) raise theoretical and empirical challenges to the notion that persistent innovators invariably outperform other firms. Empirically, there is mixed evidence about the effect of innovation on growth of the average firm (Bottazzi et al., 2001; Coad and Rao, 2008) , while innovation is seemingly more beneficial to the growth trajectories of high-growth firms in the top quantiles of the growth rates distribution (see Freel, 2000; Coad and Rao, 2008; Hölzl, 2009; Falk, 2012) . However, the role of this set of firms in spurring innovation and growth is highly debated (Daunfeldt et al., 2016) : the strength of the innovation-growth relation varies depending on the innovation proxy (see Bianchini et al., 2018a) and, moreover, innovation activities does not help high-growth firms to replicate their high-growth records over time Moschella et al., 2018) . Such difficulties in establishing strong relations between innovative efforts and sales growth represent a puzzle, if evaluated through the lenses of theoretical models of firm-industry dynamics (even from competing schools, e.g. in evolutionary models as Dosi et al. 1995 vs . neoclassical equilibrium models as in Jovanovic 1982; Ericson and Pakes 1995) . Indeed, all these frameworks present innovation represent as a key determinant of productivity differentials across heterogeneous firms, in turn driving the process of selection and reallocation of market shares towards more productive firms at the expenses of less efficient ones. The explanations proposed to interpret the weak role of innovation in sales growth dynamics resort to the uncertain, complex, boundedly-rational, firm-specific nature of the innovation processes, as suggested by broadly-defined capability-based or resource-based views of the firm. A related explanation, similarly rooted into recognizing the heterogeneities and idiosyncratic specificities across firms as a fundamental driver of performance, refer to the notion that firm growth is well approximated by an erratic, difficult to predict random process (Geroski, 2002) , in fact well in tune with economics and strategic management theories of luck as a key determinant of firm performance (see Alchian, 1950; Barney, 1986 Barney, , 1997 Denrell, 2004) .
We add to the literature on the innovation-firm growth linkages by examining whether innovation persistence, rather than innovation levels or intensity per se, may turn out as a powerful determinant of sales growth and market share dynamics. In this literature, in fact, the attention towards the role of innovation persistence is very recent. Some studies investigate the link between innovation persistence and employment growth, whereas we focus here on sales dynamics as a genuine proxy of success in the market, thus directly related to the outcome that theories of innovation persistence predict to distinguish persistent innovators vis a vis other firms. The few works which focus, as we do, on sales growth address the role of innovation persistence in mediating the relation between growth and R&D, but do not systematically address the perhaps more fundamental research questions we tackle in this work (we review these limited literature in Section 2.2).
Beyond examining our main research questions, our work contribute to the existing literature under several respects.
First, we consider the heterogeneities that may characterize the ability to persistently undertake different types of technological innovation. In fact, we distinguish four groups of persistent innovators, according to persistence in R&D activities, in patenting behavior, and in the introduction of new products or new processes. We are, thus, able to raise the further interesting question, not yet systematically explored, whether persistence in innovation inputs, intermediate or final outputs are all alike in delivering differential sales growth premia vis a vis other firms.
Second, differently from the few existing studies, we frame our empirical analysis in a longrun perspective: we exploit the first decade of the data (years 1990-1999) to identify persistent innovators, and then examine whether their growth dynamics differ from growth patterns of other firms over the subsequent years (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) available in the data, controlling for possibly relevant firm attributes. Together with allowing us to estimate the long-run consequences of innovation persistence, our empirical strategy tackles in a simple way the possible joint determination between our outcome variables and innovation persistence. Success on the market, in fact, represents an obvious source of those financial resources that may enable firms to keep innovating over time. By measuring innovation persistence and growth dynamics over two nonoverlapping time periods, we are more confident than in previous studies to break the implicit reverse causality.
Third, and relatedly, by having at our disposal a relatively long-in-time period of 10 years for the identification of persistent innovators, we can tackle some difficulties in measuring innovation persistence affecting previous studies. Indeed, measuring innovation persistence, by definition, requires to follow innovation decisions of firms over a relatively long time horizon. Most of the existing studies of innovation persistence, by relying upon innovation surveys (such as the European CIS), have only partial information on these patterns. In fact, the release in waves every 2-to-4 years, usually without any information on firms' innovation behaviour between two consecutive survey waves, and the changing nature of the survey samples across waves, represent structural limitations affecting the accuracy and reliability of the identification of innovation persistence (Raymond et al., 2010) .
Our main findings, in short, provide a negative result: as compared to other firms, firms that persistently innovate over the first decade, do not grow more and do not display differences in sales growth persistence over the subsequent years, independently from whether persistent innovators are identified according to product or process innovation, patenting behavior, or R&D activity. This is in sharp contrast with theories of innovation persistence and with models explaining industry dynamics in terms of reallocation of market shares in favor of the more competitive, persistently innovative firms. Conversely, our results provide support to random or luck theories of firm growth, stressing the inherently unpredictable nature of firm growth patterns. Idiosyncratic and erratic components of sales growth dynamics prevail over XXX the supposedly strong relation linking innovation persistence and success in the market.XXX
Background literature and framework
We here provide a review of the literature on innovation persistence and present the few papers addressing whether the latter affects firm growth trajectories. We then use this review to develop an interpretative framework useful to guide our empirical analysis.
Innovation persistence: facts and theories
The starting point of our work is the bulk of innovation studies addressing extent and causes of persistence in technological innovation.
On the empirical side, as well documented in a recent review by Le Bas and Scellato (2014) , this literature provides quite heterogeneous results, not always comparable across works, due differences in the characteristics of data (surveys like CIS or similar sources, vs. other sources), type of technological innovation dimension considered (e.g., inputs vs. outputs), and methodologies adopted to measure persistence (e.g, based on duration models, length of innovation spells, transition probabilities).
In brief, we can distinguish three main sets of results. 1 A first emerging fact is that the extent of innovation persistence considerably varies with the length of the time span available in the data. Indeed, the longer the time span considered to measure innovation persistence, and the smaller the cluster of firms expected to innovate frequently enough to qualify as persistent innovators. Second, there is heterogeneity in the degree of innovation persistence according the type of technological innovation considered, i.e. according to innovation inputs (R&D), innovation outputs (products and processes) or intermediate outputs (such as patents). In fact, the evidence supports a clear ranking in the extent of innovation persistence, with patents exhibiting low persistence, while R&D and output measures are usually found to be more cumulative. This ranking, however, ought to be read together with the consideration that different technological innovations have a different likelihood to be repeatedly undertaken by firms over time, by their nature. Patents and product innovation are regarded as "'strong measures" of innovation persistence since the inherently more costly, complex and time-consuming processes underlying these two activities makes it a priori more difficult to find persistence, as opposed to R&D and process innovation, which are, thus,considered as "weak measures" (Le Bas and Scellato, 2014) . The available studies confirm that the stronger the measure of innovation behavior considered, and the shorter the time span over which firms are usually able to innovate consecutively over time.
Third, several firm-level characteristics and contextual factors are found to interact with innovation persistence. The degree of persistence in fact differs in place, time, industries, and according to technologies. This relates also to the debate about spurious vs. true state dependence (see Tavassoli and Karlsson, 2015; Raymond et al., 2010) , i.e. concerning the extent to which subsequent innovation depends purely from past innovation, or rather from other performances and factors jointly evolving with innovation itself. The general implication is a strong case in favor of including several controls in estimating the possible impacts of innovation persistence on firm performance, in order to break potential co-determination between innovation persistence and a number of firm-level factors.
On the theoretical side, the emergence of innovation persistence is understood as the result of cumulative knowledge patterns, characterised by increasing returns and path or past dependence in learning dynamics. Within this broad view, a number of conceptual frameworks can be traced, offering several explanations of the mechanisms underlying innovation persistence. The classical Schumpeterian interpretation points to the market structure and, in particular, to the role of incumbent, typically larger firms in monopolistic and oligopolistic markets. These firms tend to innovate persistently to defend their market shares from the threat of new entrants. The degree of persistence may vary according to different technological regimes, however. According to the classical distinction between Schumpeter Mark I and Mark II regimes (Malerba and Orsenigo, 1995, 1996; Castellacci, 2007) , more persistence is expected along phases of creative accumulation, while disruption and low innovation persistence characterize processes of creative destruction. Other studies, not unrelatedly, stress more the knowledge accumulation hypothesis (Geroski et al., 1997; Duguet and Monjon, 2004; Le Bas and Latham, 2009 ), according to which innovation persistence is due to Arrow's type learning-by-doing effects, to the cumulative and incremental nature of innovation as well as to the emergence of dynamic capabilities. In a related framework, the success-breeds-success hypothesis is that firms succeeding in innovating will be those able to also achieve above-the-average profits, and, thus, to accumulate the resources needed to further innovate (Cefis and Orsenigo, 2001; Cefis, 2003; Cefis and Ciccarelli, 2005) . Complementary to this view, the resource constraints perspective (dating back to Phillips, 1971) , stresses that a record of previously successful innovations also helps easing access to external resources. Lastly, the sunk-costs explanation (Sutton, 1991; Manez et al., 2009 ) highlights the irrecoverable nature of innovative investment, implying that persistent innovation patterns emerge due to firms developing technological competitiveness strategies heavily sourcing from past and path dependent knowledge accumulation and internal capabilities (Antonelli et al., 2013) .
While these different frameworks predict innovation persistence to emerge no matter which specific type of technological innovation (inputs or outputs) is in question, they imply different predictions about whether one type of technological innovation or another may exhibit more persistence (Tavassoli and Karlsson, 2015) . High persistence in R&D is a common tenet in essentially all theories, since R&D is invariably understood as the basic mode of knowledge creation and accumulation: feed-backs from past non-exhaustible knowledge and piling up of knowledge stock implies for firms already engaged in R&D to be more able than other firms to create new knowledge exploiting dynamic scale economies. The degree of persistence in product and process innovation is generally predicted to follow (and thus to be similar to) the degree of persistence observed in R&D, since R&D represent in all the different frameworks the basic input source of the knowledge necessary to lead to both types of innovation outputs. However, there are also theoretical arguments supporting that process innovation would exhibit less cumulative and persistent dynamics than product innovation. In fact, the sunk cost argument applies less to process innovation, since many new processes do not result from specific and intense R&D investment, but rather from shopping from outside the specific machineries (or an entirely new factory) that can be used to change production processes (Ganter and Hecker, 2013; Tavassoli and Karlsson, 2015) . Lastly, patenting activity is expected to exhibit lower persistence. Patenting is in fact recognized as subject to little dynamic scale economies, strongly varying across countries and by technologies (Ganter and Hecker, 2013; Fontana and Vezzulli, 2016) , and threshold effects have been identified such that persistence in patenting becomes substantial only after a certain number of previous patents have been cumulated (Geroski et al., 1997; Cefis and Orsenigo, 2001; Cefis, 2003) . This ranking in the degree of persistence across technological innovations broadly maps into the empirical finding reviewed above.
Innovation persistence and firm growth
As mentioned in the introduction, despite the large literature examining the innovation-firm growth nexus, very few papers relates innovation persistence to patterns of firm growth.
Growing attention is testified by recent works focusing on growth in terms of employment. Notably, the two existing studies we are aware of both exploit the same long-in time panel of Spanish firms that we use in this study. Triguero et al. (2014) ask whether subsequent employment creation is influenced by product and process innovation measured at different time-lags back in time. Their findings show that product innovation does not have any effect, while process innovation positively affect employment dynamics, for SMEs in particular. Bianchini and Pellegrino (2017) pose very similar research questions to those we pose here, studying whether innovation persistence affects average and persistence of employment growth. Their results, somewhat in contrast to Triguero et al. (2014) , show that process innovation persistence does not play any role, whereas product innovation persistence associates with higher employment growth and with an higher probability that firms enjoy relatively long spells of job creation.
Although interesting, these works speak to a parallel literature studying the compensation mechanisms underlying the labour-saving vs. labour-augmenting effects of different innovation activities.
2 Our work is more closely related to the few studies that consider the effect of innovation persistence on the dynamics of sales growth. Sales and employment do not provide interchangeable measures of size evolution, in fact. Employment dynamics strongly depends from labour market regulation and choices related to human capital accumulation of firms, whereas we focus here on whether innovation persistence affects patterns of success on the market. To our knowledge, only two published articles address the contribution of innovation persistence to sales growth and market share dynamics. Demirel and Mazzucato (2012) take a long-run perspective similar to our study, analyzing US listed pharmaceutical companies from COMPUSTAT data over the period . The analysis only examines the effect of persistence in patenting, given the known importance of patents in bio-pharma, with patent filing rates skyrocketing in the last 15-20 years, also due to increasing use of strategic patenting. Besides other results, they show that persistent patenting has an at least indirect effect on sales dynamics, working as a pre-condition for R&D to positively impact subsequent growth of sales. The work by Deschryver (2014) examines a similar question, asking to what extent the ability to persistently introduce new products or processes shapes the relation between R&D and sales growth, but focusing on the role of persistence in product and process innovation. The findings, based on a panel of Finnish firms observed over the period 1998-2008, show that R&D contributes to sales growth more strongly in firms that continuously innovate in both types of innovative outputs than it does for occasional innovators.
Hypotheses
What are, then, the relations to be expected from theory and previous empirical studies between the ability to persistently engage into innovative activities and the patterns of long-run growth we study in our empirical analysis ? Once we identify persistent innovators over the first 10 years of data (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) , how do we expect their subsequent growth dynamics to compare against other firms in terms of our two main research question about (I) average sales growth performance and (II) persistence in sales growth patterns ?
Contrasting predictions emerge from existing literature. On the one hand, all theories explaining the emergence and the mechanisms of innovation persistence, corroborated by models of market shares reallocation across heterogeneously efficient firms, share that innovation persistence is key to establish and sustain competitive advantage over time. The continuous accumulation of knowledge trough persistently performing R&D, the ability to continuously transform new ideas to patentable and/or economically successful products, as well as efficiency advantages from continuously adopting innovative processes, represent structural characteristics that make persistent innovators more apt than other firms, almost by definition, to compete and succeed in the market, and to self-sustain their strong competitive advantage over time.
As a result, one would expect to find a positive answer to both our research questions. Firms identified as persistent innovators in the first 10 years of the data are expected to grow more and to exhibit more persistent sales growth dynamics than other firms in the following years, thus enjoying a positive "growth premium" and a positive "growth persistence premium".
Towards an opposite hypothesis point, on the other hand, the predictions that one could derive from broadly defined theories of growth as a random process guided by idiosyncratic firm specificities or by luck, originating within capability or resource-based views of the firm and stressing the difficult to predict nature of the patterns of innovation and growth performance. This group of theories offer strong justification to consider the emergence of positive growth premia for persistent innovators far less obvious. In fact, the unpredictability and random nature of growth patterns postulated by these frameworks imply zero correlation between sales growth dynamics and innovation persistence, and thus zero "growth premia" and zero "growthpersistence premia" for persistent innovators.
Another aspect we address in the empirics, but for which there is less clearcut guidance from theory, is about whether the growth premia possibly accruing to persistent innovators vary according to persistence in the different types of technological innovation we consider. Theories of innovation persistence do envisage that different technological activities may in fact display different degrees of persistence, but they are silent about the implications for growth patterns.
We resort to economic intuition on the heterogeneities characterizing the innovation-growth nexus to inform our predictions. The very distinction between innovation inputs vs. innovation (intermediate or final) outputs implies that R&D, patents, and product or process innovation represent dimensions of the innovation process that differently relates with firm performance, primarily with productivity, but also with sales and market shares dynamics (e.g., in a knowledge production function framework Griliches, 1979 Griliches, , 1995 Crepon et al., 1998) . We expect a precise ranking, in fact, with R&D and process innovation having weaker effects as compared to product innovation and patents (Goedhuys and Veugelers, 2012; Bianchini et al., 2018a) . First, although R&D is the primer source of knowledge accumulation, and often a precondition to innovate in processes and products, the ability of R&D to spur growth in the market is strongly mediated by the uncertainties of R&D outcomes as well as by the time-lags needed for R&D to engender new sales. Second, according to the classical interpretation that new processes are implemented primarily to reduce costs, process innovation is likely to have only indirect effects on sales growth, only to the extent that efficiency and price competition are the main drivers of market share reallocation across firms (and recent empirical findings call into question that competitive selection works strongly as expected, see Bottazzi et al., 2010; Dosi et al., 2015) . Conversely, product innovations and patents are generally regarded as having a stronger, positive link with sales growth. After all, new patents and new products obviously provide firms with the more direct means to achieve growth in the market (Hay and Kamshad, 1994; Cohen, 2010) , as compared to the other dimensions of innovation we consider in this work.
We assume these arguments to also apply when considering how persistence in innovation activities, rather than innovation levels or intensity, relate to sales growth dynamics. Indeed, the uncertainties characterizing R&D outcomes hampers the immediate translation of new knowledge accumulated through R&D into new discoveries, new products and new revenues, thus making the relation between persistence in R&D and firm growth relatively nuanced. A continuous, persistent stream of process innovation could signal, on the other hand, an environment characterized by strong price competition, to which firms react by constantly seeking to introduce efficiency within the production process, not necessarily leading to higher growth. Instead, firms that succeed in continuously introducing new products or patents are in a better position to keep some degree of monopoly in markets or niches, escape erosion of sales and market share due to potential imitation or product out-dating, and more likely to enjoy a stream of profits that can be used to sustain further growth.
On these grounds, we expect that if any growth premia from innovation persistence ought to emerge, then persistence in R&D and process innovation are both less beneficial to sales growth than persistently innovating in products or filing for new patents. Thus, concerning our first research question, positive and larger "growth premium" are more likely to manifest for persistent product innovators and persistently patenting firms, than for firms that persistently perform R&D or process innovation.
Similarly, we also foresee a certain degree of heterogeneity across innovation persistence indicators also with respect to our second research questions, pertaining growth-persistence premia. Our intuition is that companies persistently translating their knowledge accumulation into marketable innovations (products or patents) are also those more likely to preserve a superior competitive advantage over time, due to the closer association of patents and products with "innovation-driven" market success, as opposed to firms that show R&D or process innovation persistence. Thus, we expect positive and larger "growth persistence premium" to emerge for firms that persistently introduce new products or persistently file for new patents than firms that persistently engage in R&D or process innovation. Whether these growth-persistence premia are strong enough to counter balance the highly unpredictable, erratic and seemingly luck-driven patterns of growth over time suggested by studies of sales dynamics, is an empirical question that our analysis contributes to shed light on.
3 Data, main variables and descriptive statistics
Data sources
The empirical analysis exploits data from the Spanish Survey on Business Strategies (ESEEEncuesta Sobre Estrategias Empresariales), maintained by the SEPI foundation and the Spanish Ministry of Industry. This database provides information on a representative sample of Spanish firms with 10 or more employees active in manufacturing, starting from 1990 and available to us until 2012. This makes this source particularly suited to follow "long-run" firm dynamics, in turn allowing to evaluate persistence in innovation activities more precisely than in short panels or innovation surveys usually available in the literature.
The ESEE survey since its initial creation in 1990 is run every year, and SEPI implements a number of quality checks to ensure consistency of the panel over time. A relevant characteristic is the high degree of representativeness. The selection of surveyed firms in 1990, the first survey year, combined exhaustiveness and sampling: all firms with more than 200 employees entered the survey together with a stratified sample (via proportional and systematic sampling) of smaller firms employing from 10 to 200 employees. Since then, in the following years, strong efforts were made to prevent a deterioration of the representativeness against the reference population, soliciting firms to keep high response rates, and new firms enter the survey each year to substitute for firms that exit the sample.
Firms are submitted each year a questionnaire with 107 questions and more than 500 specific fields, mostly concerning the strategic dimensions of the firms, but also encompassing standard business register information about balance sheets and profit/loss accounts, together with "CIStype" questions about innovative strategies and performance. As such, the ESEE dataset provides an extremely large and rich set of variables covering firms' structure and performance.
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The dataset is proprietary, and we accessed through a specific research agreement to a subset of variables for a total of 3193 firms that we can follow over the period . In this working sample, we have information about different types of innovation activities, that we exploit to identify persistent innovators, as well as a set of firm-level characteristics that allow to track growth patterns and other attributes to be used as control variables in our analysis.
Identifying persistent innovators
According to our hypotheses, we want to analyse how sales growth trajectories relates to persistence in four different types of technological innovation: R&D, patenting, product and process innovation. In the subset of the ESEE dataset available to us, these dimensions of innovation are measured as follows, for each firm and each year: total expenses in R&D during the year; two dummy indicators taking value one if a firm has introduced new products or new processes in the year; and the total number of new patents filed during the year (applications filed either in Spain or abroad). 4 The availability of this time-varying information is the starting point to identify persistent innovators and other firms over the initial decade 1990-1999, and then contrast the long-run growth performance of the two groups over the following period 2000-2012. No clearcut and commonly accepted criterion exists in the literature for the empirical identification of persistent innovators. Existing studies that focus on quantifying the degree of innovation persistence adopt several different notions of persistence, such as length of innovation spells, degree of autocorrelation of innovation variables, or transition probabilities in and out percentiles of innovation variables distribution. While these studies deliver a rich picture, none of these approaches offers an operational definition of persistent innovators.
The dictionary meaning of innovation persistence would imply to identify firms that repeatedly perform a given innovation activity over time. This conceptually simple notion is confronted with a number of practical issues, also related to the characteristics of the available data. One choice could be, for instance, to define as persistent innovators only those firms performing a given innovation activity in all the years over the period of observation. But one could also reasonably opt to consider as persistent innovators firms that present long spells of consecutive years of innovation, although with some year-gaps in between two innovation spells. In the latter case, one also faces several open choices regarding how many years of consecutive engaging in a given innovation activity should be considered enough to qualify a firm as persistently innovating. In our empirical setting, having the 10 years of data over the period 1990-1999 to identify persistent innovators, an arguably unquestionable definition of persistent innovator would be that of a firm that performs a given innovation activity in all the years 1990-1999. No firms verify this stringent criterion in our data, however. A clear trade-off emerges between including only firms that innovate consecutively over relatively many years, and the need to come up with a not too small group of persistent innovators, so to ensure meaningful empirical comparisons with the other firms.
We experimented with less stringent criteria, focusing on spells of consecutive innovation of different length, and eventually define as persistent innovators those firms performing a given innovative activity for at least 7 consecutive years, out of the 10 years spanning the period 1990-1999. This strategy surely allows to identify firms that do not innovate only occasionally over the considered period. With this criterion, indeed, we substantially discard long gaps between two innovation events: the firms identified as persistent innovators may fail to perform a given innovation activity for no more than three years over the period 1990-1999, with all the failures concentrated in either the initial three or in the last three years.
We build four groups of persistent innovators, by applying our identification criterion separately to each of the four innovation activities considered (non-zero R&D expenditures, product and process innovation, newly filed patents). Table 1 reports the number of persistent innovators by innovation indicator, as identified in the data over the first ten years 1990-1999 and that, thus, enter our empirical analysis of growth trajectories over the period 2000-2012. In line with previous studies, the figures highlight that persistent innovators represent a relatively small cluster. Over the 3193 firms that we can follow over 2000-2012, 321 firms persistently perform R&D (about 10% of the total), and similar figures (358 firms, a share of about 11%) emerge for firms that persistently carry out process innovation. Persistent product innovators are remarkably less frequent (100 firms, about 3.5% of the total), while firms persistently patenting stand out as the least populated group (35 firms, a 1% share). This heterogeneity in the frequency of the different persistent innovators categories is well in tune with previous studies highlighting that different innovation proxies deliver weak vs. strong measures of innovation persistence. Table 2 reports pairwise correlations between the four innovation persistence indicators, as a way to appreciate the degree of overlapping between groups. In general, the correlations are not high. The stronger associations are found between persistent product innovators and persistent R&D innovators (0.42), and between the latter and persistence in process innovation (0.34). Other pairs show even smaller correlations. This testifies that the alternative definitions of persistent innovators indeed identify different groups of firms: persistent innovators with respect to one innovation dimension are not very likely to be persistent innovators also along the other innovation activities. Such heterogeneities lend empirical support to the choice to separately analyse the growth trajectories of persistent innovators across different innovation dimensions.
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Notice, lastly, that the persistent innovators that we identify over the initial years 1990-1999, continuously innovate also over the period [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] . Indeed, about 70% of them perform some type of innovation activity for 7 or more years also in the second part of the sample time span, and 50% of them show positive R&D expenses for at least 8 years in the same period.
Firm growth and firm characteristics
To capture patterns of success in the market, we consider firm growth in terms of sales. Following other studies in firm growth empirics, we define our outcome variable as the logdifference
where s it is the log of annual sales S of firm i in year t, normalized by the sectoral average of (log-)sales in the same industry wherein firm i belongs to
The normalization is performed by 2-digit industries (EUROSTAT-NACE classification, Rev.2), which is the sectoral disaggregation available in ESEE. This transformation of sales implies that our growth measure G captures the dynamics of success on the market in terms of relative sales expansion over time. The normalization, at the same time, implicitly removes common trends in sales, such as due to prices or demand cycles, affecting all the firms in the same sector.
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Concerning other firms attributes, in the subset of the ESEE data available to us we have access to a standard set of firm characteristics usually employed as control variables in firm growth empirics. First, we can include proxies of age and size, which are well known determinants of firm growth, with young and small-medium firms usually found to grow more. We measure age (labeled as Age) from the year of foundation of the firm, and we take the number of employees (Size) as the control variable for firm size, since sales already enter in the definition of the outcome variable G. Further, we can include in the analysis a measure of labour productivity, defined as value added per hour worked (P roductivity). This is justified on the theoretical grounds that efficiency is positively associated with the ability to gain market shares (despite some recent empirical investigations suggest that market selection based on productivity may actually be weak, see Bottazzi et al., 2010; Dosi et al., 2015) . Lastly, we can also consider a measure of the intensity of R&D, defined as annual R&D expenditures per unit of output (R&D intensity). The relation between the latter and sales growth is difficult to predict, given uncertainty of R&D outcomes. We consider this variable as a measure of overall innovative efforts of firms over the years where we track growth patterns, after that we have categorized firms as persistent innovators vs. other firms based on their innovative behavior in the previous decade. Table 3 shows basic descriptive statistics of sales growth G and firm characteristics, computed pooling data over the period 2000-2012, distinguishing by persistent innovators and other firms. Since all the variables are known to be skewed, we report the median which is more informative than the mean about central location.
Persistent innovators, however defined, generally display higher median growth rates than other firms, although this difference is relatively small for persistent innovators as identified by R&D, product and process innovation behavior, and clearly marked only for persistently patenting firms. Moreover, comparatively to other firms, persistent innovators clearly appear as larger, older, more productive and relatively more R&D intense. This pattern generally holds no matter the innovation persistence indicator considered, although the median value of R&D intensity is identical across persistent process innovators and other firms. The reported standard deviations, all much higher than the median in most cases, confirm wide heterogeneities within and across all groups of firms. Kernel estimates of the unconditional empirical distribution of G and firm attributes, as shown in Appendix A, confirm that persistent innovators do not exhibit marked differences in growth rates, and are comparatively larger, older, and generally more productive and more R&D intense. Nonetheless, wide support of empirical densities also show that relatively small, young, low productivity or low R&D intense firms are also present among persistent innovators.
Baseline analysis and results
We next turn to address our research hypotheses, asking whether firms identified as persistent innovators over the period 1990-99 grow more and more persistently than the other firms over the following years 2000-2012. In this section we present our baseline regression framework and results, also comparing the findings across the different indicators of innovation persistence. Extensions of the analysis are next presented in Section 5.
Innovation persistence and firm growth
To address our first research hypothesis, we compare average growth across persistent innovators and other firms via the following regression model
where the subscript it stands for the firm-year pair running over the years 2000-2012, G it is relative sales growth as defined above, and PERS i is a dummy assuming value 1 for firms identified as persistent innovators in the years 1990-1999 according to our criterion based on "7-out-of-10" years of consecutive innovation. The omission of the time subscript t underlines that persistent innovator status is time-invariant over the years defining the regression period. Separate regressions are run alternatively including the four PERS dummies based on R&D expenses, product or process innovation, and patenting. In all models, the control set X encompasses the firm-level characteristics presented above (age, size, productivity and R&D intensity), all lagged to at least partially account for possible simultaneity, and we also include a full set of sector (2-digit) and year fixed-effects. The coefficient of primary interest is β 1 , capturing the possible "growth premium" for persistent innovators, conditional on the covariates. Our strategy to divide the sample into two sub-periods should considerably break endogenous joint determination of growth patterns and innovation persistence. In fact, the construction of the PERS dummies does not exploit the years considered in the regression analysis. A simple OLS estimate of β 1 may suffer from a residual bias, however, to the extent that observed and unobserved firm characteristics that affect assignment into the groups of persistent innovators in the first sub-period 1990-1999, correlate with unobserved determinants of growth in the regression period 2000-2012. This might be the case, in practice, if one believes that innovation decisions in the last years of the first subperiod are driven by firms' forecasts of future growth occurring in the initial years of the second sub-period. We address this issue through a two-steps procedure. As a preliminary step, we use the data in the first sub-period 1990-1999 to estimate, for each firm, a predicted probability (propensity score) to belong to each group of persistent innovators. This is operationalized with Probit models where innovation persistent status PERS (separately for each innovation dimension) is regressed against firm-level controls included in the main equations (age, size, R&D intensity and productivity), plus intangible assets per employee as an additional measure to capture generic innovation not accounted for by R&D in the first period. Since PERS status does not vary over time, the firs-step Probits take as regressors the within-firm time-series averages of firm characteristics. Next, in the second step, the propensity scores (henceforth p-scores) from the first-step Probits are included as an additional regressor in an OLS estimate of the main Equation (3) performed on the data over the period [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] . Adding p-scores we can be more sure that the PERS categories are assigned as good as random, conditional on controls measured over the estimation period 2000-2012. 7 Table 4 shows the results of the separate regressions alternatively including the four different innovation persistence indicators. The estimates deliver a consistent picture: we do not find evidence of a statistically significant difference in the average growth of persistent innovators vis a vis other firms. The result is robust across the different groups of persistent innovators.
The patterns featuring control variables coefficients are robust across the different specifications. Size and R&D intensity both have a positive association with subsequent growth, whereas Age does not, and the coefficients on lagged productivity reveal negative correlation. Of course, these patterns should not be overemphasized, since controls may be partially endogenous, and just serve here to account for omitted components that may otherwise bias the coefficients on the PERS dummies.
Persistence of innovation and persistence of firm growth
To address our hypotheses on the effects of innovation persistence on persistence of sales growth, as a baseline exercise we investigate the autoregressive structure of growth patterns. We specify the following regression equation
In this specification, relative sales growth G, the PERS dummies and the controls set X are defined as in Equation (3) above, while 1-year lagged growth G it−1 accounts for growth persistence, and we interact the latter with the PERS dummies to model the difference in growth persistence associated to persistent innovator status. The coefficient α 3 is the coefficient of main interest, yielding an estimate of the average "growth persistence premium" for persistent innovators, conditional on controls (age, size, productivity, and R&D intensity, plus sector and year fixed-effects). The estimation strategy parallels the estimation procedure designed to estimate growth-premia in Equation (3). We perform separate regressions alternatively including the four PERS indicators (in terms of R&D, product or process innovation and patenting behavior), and cure for residual endogenous determination of each PERS dummy via first-step Probit p-scores for persistent innovator status, generated as explained above.
The results are presented in Table 5 . We find that persistent innovators do not display any differential persistence in their growth trajectories, as compared to other firms. In fact, the estimated coefficients on the interaction terms are never statistically different from zero, no matter the definition of PERS status considered. Coefficient estimates on the controls tend to replicate the patterns emerged from the growthpremia regressions. Conditional on other factors, sales growth positively correlates with lagged size and R&D intensity, while we find negative association with lagged productivity and largely insignificant correlation with age.
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Overall, our baseline analysis shows that, contrary to our working hypotheses, persistent innovators do not differ from other firms in their "long-run" growth trajectories: on average at least, they do not grow more and do not exhibit more persistence. These results turned robust to a number of robustness checks, concerning identification of persistent innovators and modification of estimation strategy to further exploit the panel structure of the data. These additional analysis are reported in Appendix C.
Extended analysis
We next provide extensions of the analysis to consider the role of firm size, variation of results along the quantiles of the growth rates distribution and a different notion of growth persistence.
The role of firm size
A first interesting issue is whether our main results vary by firm size. Despite the literature recently started to recognize the role of small firms in innovation persistence (Corradini et al., 2016) , large firms are especially likely to display innovation persistence, since persistence does not manifest in phases of creative destruction where small firms are expected to play a major role. Together, we also know, from firm-growth empirics, that larger usually display lower growth rates and more stable growth paths over time. In other words, size and innovation persistence may interact in shaping our main findings. The descriptive analysis (in Section 3.3) in fact support that persistent innovators are relatively larger than other firms, although (as kernel densities in Appendix A show) all groups of persistent innovators that we identify encompass small-medium as well as larger firms.
In the main analysis we account for possible size effects through including size among controls. But we can shed further light on the interaction between size and innovation persistence by a split-sample analysis. We first divide the sample between small-medium enterprises (SMEs, with employees ≤250) and large firms (Large, employees >250) according to the number of employees reported in 2000, i.e. the initial year of the regression time period 2000-2012. Next, we re-estimate our baseline regression models in Equation (3) and Equation (4) separately on the two groups of SMEs and Large firms. The research questions, thus, change sensibly. We now ask whether small-medium persistent innovators differ from other small-medium firms, and whether large persistent innovators differ from other large firms. Table 6 and Table 7 report the results. They support that the baseline findings do not stem from a sheer size effect. In the specification modeling the relation between persistent innovation and average growth (in Table 6 ), the coefficients on the PERS dummies are all insignificant, no matter the proxy of innovation persistence considered. Similarly, we do not find variation across size categories in the specification modeling growth-persistence premia (in Table 7 ): the estimated interaction coefficients are all statistically zero, once again across all the dimensions of innovation persistence.
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In sum, small-medium (large) persistent innovators do not grow more and do not show more persistent growth patterns than other small-medium (large) firms.
Asymmetries along firm growth quantiles
Further, we complement the baseline empirical analysis with a quantile regression exercise, allowing to explore the variation of coefficient estimates along the entire distribution of sales growth rates. This connects our work with the recent stream of empirical research finding that innovation is specifically relevant for high-growth firms in the top quantiles of the growth rates distribution, rather than on average growth. We add to previous studies in this literature by asking, for the first time to our knowledge, whether innovation persistence, rather than Notes: Split-sample OLS estimates of Equation (3) by small-medium enterprises (SMES, employees ≤ 250) and large firms (Large, employees > 250). All specifications also include year and sector fixed effects. Bootstrap standard errors (100 replications) in parenthesis below the coefficients. Asterisks denote significance levels: * p<0.05, ** p<0.01, *** p<0.001. Notes: Split-sample OLS estimates of Equation (4) by small-medium enterprises (SMES, employees ≤ 250) and large firms (Large, employees > 250). All specifications also include year and sector fixed effects. Bootstrap standard errors (100 replications) in parenthesis below the coefficients. Asterisks denote significance levels: * p<0.05, ** p<0.01, *** p<0.001.
innovation per se, has similarly asymmetric effects in the top vs. lower quantiles of growth rates. We re-estimate our baseline specifications in Equation (3) and Equation (4) via conditional quantile regressions (Koenker and Bassett, 1978) . However, we cannot include p-scores since, in fact, including p-scores would assume that innovation persistence propensity is constant across quantiles, which would be at odds with a genuine interest in quantile effects.
10
In Table 8 and Table 9 we show the estimates of the coefficients of main interest.
11 In general, coefficient estimates do vary significantly along growth quantiles, allowing to observe some interesting pattern occurring in the tails that cannot be appreciated in the baseline OLS estimates.
More specifically regarding our first research hypothesis (see Table 8 ), we find some evidence of negative growth premia for persistent innovators in the upper quantiles, although negative growth premia are more robust for persistent R&D innovators (coefficients significant in most upper quantiles), while they display weaker significance and are confined to the very top quantiles for the other groups of persistent innovators. This finding at least partially reflects that persistent innovators are relatively less concentrated than other firms in the upper quantiles of sales growth, as suggested by unconditional distributional analysis (see Appendix A). Firm-size effects could play some role in this result, due to lower growth dispersion usually featuring large firms, but we cannot perform split-sample quantile regressions by firm size, since too few persistent innovators will in that case fall in most quantiles. Our identification, thus, exploits that both small and large firms are present in the four groups of persistent innovators, and we do in fact condition upon size.
The findings about growth persistence premia (in Table 9 ), instead, are quite consistent across different innovation persistence indicators. In all the specifications, the interactions between the PERS dummies and lagged growth are never statistically significant. This provides another bit of evidence that persistent innovators do not show significantly different autocorrelation structures compared to other firms.
Growth persistence as transition probabilities
Lastly, we explore to what extent our conclusion that persistent innovators do not enjoy "growth-persistence premia" depends from the notion of growth persistence that we used in the baseline analysis. In fact, first-order autocorrelation of growth rates, despite widely adopted in firm growth empirics, just delivers a rather specific definition of persistence. We experiment with a less restrictive notion based on transition probabilities across the quartiles of the growth rates distribution. As compared to the baseline analysis of autoregressive structures, we here provide complementary evidence on: (i) the degree of intertemporal mobility/persistence in the intra-distributional rankings of sales growth across persistent innovators and other firms, Notes: Simultaneous quantile regression estimates of Equation (3). All specifications also include firm controls (Age, Size, Productivity, R&D intensity -coefficients unreported) and year fixed-effects. Bootstrap standard errors (100 replications) in parenthesis below the coefficients. Asterisks denote significance levels: *p<0.05, ** p<0.01, *** p<0.001. Notes: Simultaneous quantile regression estimates of Equation (4). All specifications also include firm controls (Age, Size, Productivity, R&D intensity -coefficients unreported) and year fixed-effects. Bootstrap standard errors (100 replications) in parenthesis below the coefficients. Asterisks denote significance levels: *p<0.05, ** p<0.01, *** p<0.001. Notes: 3-years transitions across quartiles of the yearly growth rates distribution, measured over the period 2000-2012, from the bottom quartile (Q1) to the top quartile (Q4). Results by persistent innovators (PERS=1) and other firms (PERS=0), as identified according to different innovation persistence indicators.
going beyond the average "growth-persistence premia" revealed by regression models; and (ii) whether such mobility/persistence changes over time horizons longer than one year. In Table 10 we show the 3-years transitions across quartiles of yearly growth rates distributions computed over all the firms over the period 2000-2012, and then distinguishing the estimated frequencies of change by persistent innovators and other firms. To ease interpretation of the degree of persistence characterising the matrices, we also report two summary measures of intra-distributional mobility, the Shorrocks' index and the Bartholomew index.
We find that persistence is generally low, as the estimated transition probabilities all range in between 20% and 35%. More specifically, these relatively low frequencies are rather invariant across persistent innovators and other firms, independently from the indicator of innovation persistence considered. The mobility measures (Shorrock's indexes mostly around or above 0.95, and Bartholomew's indexes in between 0.3 and 0.4.) support this conclusion.
12 Overall, we confirm that innovation persistence does not vary significantly across persistent innovators vs. other firms. We also performed the same analysis estimating 5-years transition matrices, finding consistent results (See Appendix D).
Conclusion
While a large literature studies the empirical relevance and the determinants of innovation persistence, there is limited empirical effort to link innovation persistence to patterns of sales growth and success in the market. This paper contributes to fill this empirical gap. Our analysis conveys a clear negative result: contrary to our working hypotheses, persistent innovators do not grow more on average and do not show more persistent growth paths than other firms populating the economy. The findings are invariant to measuring innovation persistence in terms of different dimensions of technological innovation (new products or processes, patenting behavior and R&D), and prove robust to a number of sensitivity analyses.
Our results bear implications for both academic research and policy. In terms of innovation studies, they are at odds with theories of innovation persistence, generally delivering a shared view that persistent innovators ought invariably out-compete other firms, both on average and constantly over time. We can advance two orders of explanations for this disagreement with the theory. First, our findings may be partly ascribed to various mechanisms that can undermine the otherwise strong relations between firm growth and the different dimensions (inputs vs output) of technological innovation we consider: (i) uncertainty and lag effects may cloud the contribution of persistent R&D to success on the market; (ii) persistent process innovations may display more direct effects on cost efficiency, only indirectly passing to growth in the market; (iii) persistence in patenting only imprecisely measure the ability to come up with new inventions of commercial value, e.g. because actually capturing strategic, anti-competitive behavior; (iv) constantly introducing new products may partly "cannibalize" sales growth coming from already existing products. However, it is hard to imagine that all these mechanisms are so strong to completely off-set the cumulative, dynamically increasing returns underlying the competitive advantages expected to characterize persistent innovators.
Our results speak more in favor of a second, alternative interpretation. They are in fact in agreement with theories of firm growth as well-described by an erratic pattern, essentially guided by luck (Barney, 1997) . This view is supported by previous empirical studies that have questioned that the innovation-growth nexus is strong as often assumed (Coad, 2009; Audretsch et al., 2014) . Our analysis adds to that literature, showing that not only innovation "per se", but also innovation persistence does not work as a robust predictor of subsequent sales expansion over the long run.
In terms of policy, it may be too early to provide definite conclusions, since our findings surely needs to be further corroborated on larger samples and in other countries. However, they cast doubts that policy makers could rely upon nurturing persistent innovators to promote long run growth of sectors and countries. Persistent innovators do exist, and some of them do exhibit outstanding performance. Yet, they are not generally able to grow more and more persistently than other firms.
Being to our knowledge the first study that directly tackles basic questions about the effect of innovation persistence on firms' sales growth, our work obviously represents an initial attempt along a much wider research agenda. Beyond expanding the analysis to other types of technological and non-technological innovations, two promising avenues of future research, in particular, could be developed within our framework, perhaps with more detailed data than we can access here. First, while we measure innovation persistence just in terms of frequency of innovation activities, it would be important to further characterize persistent innovators by the intensity and "quality" of their persistent innovative efforts. That is, to distinguish them, by the size of their repeated R&D investment, the number and type of product and process innovations introduced in consecutive years, or the quality and value of the patents that firms keeps to add to the already existing patent portfolios. This analysis would establish a connection to the literature on sources and persistence of technological leadership and the ensuing relations to industry dynamics (Fontana and Vezzulli, 2016) . Second, it would be interesting to explore whether positive growth premia may eventually arise for firms jointly performing more than one technological activity persistently over time. That would complement recent research dealing with complementarities between technological activities in shaping sales growth trajectories (Bianchini et al., 2018b) , adding to that literature a dimensions (innovation persistence) not yet considered.
More broadly, our negative results naturally lead to the question about which factors internal or external to the firm may lie behind firm growth patterns that are apparently driven exclusively by "mere luck". Deeper internal factors mostly relate to companies' managerial and organizational capabilities. These capabilities are often hardly measurable in standard available datasets, but they are are decisive for properly developing, designing and making innovations successful in economic terms. As for the external factors, the accumulation and diffusion of basic scientific knowledge, may turn crucial to intensify innovativeness at both the intensive and the extensive margin. This is particularly true if prevailing technologies: (i) entail a significant amount of preliminary research efforts to be developed; (ii) and/or are characterized by relevant uncertainty regarding their future development; (iii) and/or imply bearing an important sunk cost at the initial stages. On the other hand, the availability of an adequate supply (in terms of both quantity and quality) of managerial and worker-level skills is fundamental to allow the organizational upgrading needed to magnify the innovation-related economic benefits.
A deeper consideration of the interplay between our findings and these factors (and perhaps others, like obstacles to innovation) would also contribute to better inform and design policy intervention, against the otherwise little hope left from our results that supporting innovation persistence will "automatically" contribute to general economic growth. In fact, analysis of internal vs. external factors would allow to asses the relative merits of more micro policy measures (e.g., supporting education and training programs favoring technological upgrading of management and workforce) vis a vis more structural and systemic policies (e.g., funding public institutions producing basic research) in fostering growth and economic development possibly stemming from technological innovation persistence.
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Appendix A: Distributional analysis of growth and firm characteristics by persistence innovation status
We provide here a distributional comparison of the "identity cards" of persistent innovators vis a vis other firms, providing kernel estimates of the empirical distribution of growth and firm characteristics, pooling data over the period 2000-2012. 13 In Figure 1 we plot (on a log-scale) the kernel densities of relative sales growth rates G. The estimates, in all groups, agree with the well known stylised fact that growth rates tend to display fat-tails and a tent-shaped behaviors. However, we do not observe striking difference across persistent innovators and other firms, independently from the innovation dimension involved. If anything, persistent innovators are less concentrated at the extremes of the support, in particular in upper tail in all densities, while also in the lower tail for persistent patenting firms. Yet, the shapes are quite similar across persistent innovators and other firms, and show a significant degree of overlapping in the portion of figures where most of probability mass lies. Low number of data point makes graphs at the extremes less reliable.
We find more marked differences when we compare the kernel densities of firm characteristics. Firm size distributions (as number employees), reported in Figure 2 , show bimodalities in all groups, but the distributions estimated for persistent innovators tend to lay to the right of the firm size densities estimated for the other firms. Qualitatively similar results, though with 13 In all the estimates, the kernel function is the Epanenchnikov kernel, and the bandwidth is set according to the "optimal" rule from Silverman (1986) . less marked bimodalities, emerge for firm age, in Figure 3 . Kernel densities of productivity, in Figure 4 , display some more overlapping, especially in the central part where most of the mass lies. Also in this case the distributions estimated for persistent innovators show more mass in the right half of the support, compared to the distributions estimated for other firms. Yet, persistent innovators seems less concentrated than other firms in the right and top quantiles (especially for product innovation and patents). Finally, in Figure 5 , we find that the densities of R&D intensity estimated for the different types of persistent innovators all tend to dominate, along the entire support. Overall, we highlight two patterns. First, the analysis of unconditional empirical confirms the descriptive statistics reported in the text: persistent innovators do not seem to differ much from other firms in terms of growth, while they appear to be comparatively larger, older, and generally more productive and more intensive in R&D. But we can appreciate here that firms of different size, age, productivity ad R&D intensity are in fact present in all groups of both persistent innovators and other firms.
Second, distributional analysis adds to the well known stylised facts that growth rates are fat-tailed and firm characteristics highly skewed. We observe here, for the first time to our knowledge, that fat-tails, wide heterogeneity and skewness do replicate also within samples of persistent innovators, no matter the type of technological innovation in question.
Appendix B: Analysis of control variables
We here present standard preliminary analysis of the correlations among control variables, and among controls and the dependent variable, providing background evidence in interpreting our main regression analysis. In Table 11 we see that the pairwise correlations between controls are all relatively low, reassuring that the main estimates do not suffer from significant collinearity. In Table 12 we explore the relation between sales growth G and the controls (one by one and all together) in a set of basic OLS regressions excluding the main regressor PERS and the p-scores. Results replicate the patterns observed in the main analysis, reassuring that the controls are indeed good controls. A first robustness exercise concerns the investigation of Hypothesis 1on growth-premia. We change the definition of PERS groups in such a way to allow PERS status to vary over time. We define as PERS= 1 a firm that has performed a given innovation activity consecutively in the previous 7 years. The first 7 years of data are lost, but we can exploit the time span 1997-2012 to run the following modified specification of Equation (3)
where now each firm can in principle become (or cease to be) PERS over the period. Compared to our baseline empirical strategy, this alternative framework shifts the focus from the "longerrun" perspective we are originally interested into, to a shorter-run (contemporaneous) analysis of the relation linking growth and innovation persistence. Also, the classification into the four PERS groups is more prone to be endogenous. Nonetheless, panel-GMM techniques can be applied to exactly address this issue, in turn avoiding to resort to Probit p-score corrections. Table 15 reports the results obtained via GMM-DIFF estimator. 16 The results essentially Notes: GMM-DIFF two-step estimates of growth-premium for persistent innovators, defined as firms performing a given innovation activity consecutively in the previous 7-years. All specifications also include year and sector fixed effects. Robust standard errors in parenthesis, with Windmeijer (2005) small sample correction. Asterisks denote significance levels: * p<0.05, ** p<0.01, *** p<0.001.
confirm our main conclusion: persistent innovators do not enjoy a statistically significant growth-premium, no matter the innovation dimension considered. We further exploit the panel structure of the data to also test Hypothesis 2 about growthpersistence premia. We keep our baseline framework with time-invariant PERS groups defined over the period 1990-1999, but we exploit the time dimension over the period 2000-2012 by running a split-sample analysis of sales growth autocorrelation, separately by persistent innovators and other firms. In practice, we estimate the following variation of the baseline Equation (4)
separately for persistent innovators (PERS= 1) and other firms (PERS= 0), as identified according to the different innovation indicators. All the regressors are time-varying, and we can again apply panel methods to control for endogeneity of both lagged growth and covariates. Evidence of a "growth persistence premium" is revealed by comparing the estimated γ 1 across persistent innovators and other firms. Table 16 reports the findings obtained via a GMM-DIFF estimator. 17 We once again confirm our main conclusion that growth patterns of persistent innovators do not display more persistence compared to other firms. The estimated γ 1 are not statistically significant, neither for PERS=1 nor for PERS=0 in the models where when we split firms according to persis- Notes: Split-sample GMM-DIFF two-step estimates of Equation (6), across persistent innovators (PERS= 1) and other firms (PERS= 0) as identified by different innovation persistence indicators. All specifications also include year and sector fixed effects. Robust standard errors in parenthesis, with Windmeijer (2005) small sample correction. Asterisks denote significance levels: * p<0.05, ** p<0.01, *** p<0.001.
tence in R&D, product innovation and patenting. The split-sample estimates based on process innovation persistence show negative autocorrelation within both persistent innovators and other firms, but there is no statistical difference between the two groups: point estimates of γ 1 completely overlap within a 1-standard error confidence band. Notes: 5-years transitions across quartiles of the yearly growth rates distribution, measured over the period 2000-2012, from the bottom quartile (Q1) to the top quartile (Q4). Results by persistent innovators (PERS=1) and other firms (PERS=0), as identified according to different innovation persistence indicators.
